This paper aims to disclose the reliability of driving behaviour in road traffic system. For this purpose, the drivers' electroencephalography (EEG) signals were collected with Emotiv, a portable device, and used for an experiment in actual driving environment. Through the analysis on the synchronization of 14-channel EGG signals, the author identified a proper threshold, and determined whether the brain network nodes are connected or not. On this basis, a brain network model was created for the drivers. The driving behaviour reliability of the drivers was discussed in detailed considering brain network parameters (clustering coefficient and global efficiency) and the power spectrum features of EEG signals. The research results show that, with the increase in driving time, the intercity drivers became increasingly fatigued and their brain network continued to densify, pushing up the network parameters like clustering coefficient and global efficiency. In this case, the neuronal activities became increasingly synchronized across the brain regions. In addition, the two brain network parameters of the drivers were less discrete and more accurate than the fatigue indicator of EEG power spectrum features. Therefore, the analysis of brain network parameters is a precise and feasible method for discussing driving behaviour reliability.
Introduction
The road traffic system is a dynamic mechanism, involving such factors as the "driver", the "vehicle", the "road" and the traffic environment. Specifically, the "driver" is the centerpiece and only intelligent factor, the "vehicle" carries the transport function, and the "road" lays the foundation of the system (Curran & Stokes, 2003; Li et al., 2015; Trancossi et al., 2016; Cascetta et al., 2016; Zhao et al., 2015; Zhang and Shi, 2017) . It is hard to identify the impact of each factor on traffic accidents. However, the big data statistics show that over 80% of traffic accidents are resulted from driver negligence (Just et al., 2008) . Compared to external measures like road repair and vehicle improvement, reshaping the intrinsic cognition of the driver is an effective way to lower the occurrence of traffic accidents (Graham, 1998) . Thus, it is meaningful to explore the reliability of driving behaviour considering the cognitive features of the human brain.
Previous studies have shown that the activities in the human brain can be reflected by EEG signals (Calhoun, 2004) . These signals are the electrophysiological signals generated by the electrical activity of neuronal clusters in the cerebral cortex. The EEG information mainly concentrates in the range of 0~32Hz. Depending on the frequency, the EEG signals are divided into slow waves like δ and θ and fast waves like α and β. There are many effective means to extract the reliability features of driving behavior from the EEG signals (Vanacker et al., 2007) . Some extraction methods are based on the energy of rhythmic EEG signals (Curran et al., 2004) and entropy (Fox et al., 1998) . When the driver is in a state of low driving reliability, the brain network parameters change significantly (Schanke & Sundet, 2000) , leading to increasing clustering coefficient and decreasing shortest path. In this case, the reliability of driving behavior shows a gradual decline trend. To reflect the changing reliability of driving behavior, this paper creates a brain network model of the driver considering the cognitive features of the human brain and relies on the model to analyze the synchronization pattern of neural activities in each brain region of the driver. First, the drivers' EEG signals were monitored and collected in real-time by a portable acquisition device; then, the brain network model of the driver was established based on the signals and the network structure theory; on this basis, the author determined the two brain network parameters of clustering coefficient and global efficiency; meanwhile, the spectral features of the EEG power and data discreteness were analyzed to evaluate the reliability of driving behavior.
Brain Network Model
Before creating the brain network model, it is necessary to define the nodes, quantify the connection strength between the nodes, and connect the nodes whose connection strength exceeds the pre-set threshold. According to graph theory, the brain regions in the human brain can be viewed as "nodes" and the regional connections as "edges". In this way, it is possible to establish a brain network model of the driver and perform parameter analysis of complex brain network. In this research, the clustering coefficient and the global efficiency, two metrics of the brain network model, are highlighted to discuss how drivers differ in brain network features and determine their physiological status. In order to create drivers' brain network model, the first step is to pre-treat the drivers' EEG signals and remove the noises by extracting the signals of a specific frequency; then, the connection strength of each EEG channel in the human brain should be quantified by the synchronization likelihood algorithm; finally, a proper threshold should be configured to build a brain neural network model. The human EEG features are stochastic, nonlinear, unstable and susceptible to external interference (Galski et al., 1993) . Therefore, the disturbing signals must be removed before analyzing EEG features. For this purpose, the wavelet packet decomposition was introduced to remove the signals of excessively high or low frequencies; then, the remaining rhythmic EEG signals were investigated to disclose the reliability features of driving behavior. The wavelet packet decomposition process is illustrated in Figure 1 . To construct the brain network model, the human brain was partitioned into several functional regions according to Brodmann's human brain atlas. Each functional region was treated as a node in the brain network. Then, the relationships between different channels of rhythmic EEG signals were quantified by the synchronization likelihood method. Next, the weightless approach was adopted to determine a proper threshold T for the brain network model. The relationship strength of two nodes in the brain network determines whether there is a connecting edge between them. If the strength exceeds T, the two nodes should be linked up with a connecting edge; otherwise, no connecting edge is needed.
After creating the brain network model for the driver, the author went on to determine the clustering coefficient and global efficiency based on the model and examine the reliability of driving behavior in light of the two parameters. The clustering coefficient depicts the tightness of connections between neuronal clusters in each functional region, and the functional differentiation of the cerebral cortex neural network. The global efficiency illustrates the economy of energy consumption when the human brain executes contagion tasks. Next, the EGG power spectrum was analyzed and the discreteness of the collected data was computed, laying the basis for reliability analysis on driving behaviour.
Intercity Bus Driving Reliability Experiment
The driving reliability of intercity bus bears on the life and property safety of the driver and passengers. Considering the rising accident rate of intercity buses, this paper attempts to examine the reliability of the driving behavior under the actual environment. The real-time EEG signals of 10 drivers were collected as they drove along the expressway between Foshan and Huizhou, China.
Experimental plan and data processing
Ten male intercity bus drivers, aged 40±2.2 (SD), were selected. All of them were in good health condition and slept well in the two days preceding our experiment. On the day of the experiment, the drivers drove 165km along the expressway between Foshan and Huizhou continuously for 3h from 14:30 to 17:30. The EEG signal acquisition device Emotiv was employed to monitor and collect the EEG signals of the drivers. The 14 electrodes of the device, respectively denoted as T7, T8, AF3, AF4, O1, O2, F3, F4, F7, F8, FC5, FC6, P7 and P8, are presented in Figure 2 . These electrodes display the EEG signals of the neuronal activities in three brain regions: the central region, the frontal region and the posterior temporal region. In a 2D coordinate system, the 14 electrodes were expressed as (x, y) coordinates. The relative positions of them are shown in Figure 3 . The electrodes worked normally during the data acquisition process. During the experiment, each driver's EEG signals were collected 7 times, respectively at the start point, 30min, 1h, 1.5h, 2h, 2.5h and 3h of the driving process. To remove the strong interference from the environment, the collected EEG signals were denoised by wavelet packet decomposition. The excessively high and low signals were eliminated, leaving the rhythmic EEG signals of the θ wave (4~8Hz) and β-wave (12~32Hz). (Rapport et al., 2008) . Through a driving simulation, Kar & Nayak discovered the rhythmic variation in the brain network features of the EEG signals (δ, θ, α and β waves) when the driver drove for a long time. The θ wave in EEG signals changed significantly as the driver shifted from the waking state to the fatigue state. In the waking state, the θ wave was relatively weak; in the fatigue state, the θ wave was rhythmic and pronounced. Thus, the θ wave of the EEG signals reflects that the brain neural network system is restrained to some extent (Kar et al., 2011) .
The synchronization likelihood of every pair of electrodes was calculated based on the EEG signals from different brain regions of the intercity bus drivers. The likelihood reveals the degree of synchronization between the EEG signals of the two electrodes. According to the experimental results, the start period of the experiment differed greatly from the other periods in both clustering coefficient and global efficiency when the threshold fell in [0.08, 0.11]. Therefore, the mean value (T=0.095) in the interval was taken as the threshold. Then, the connecting edges were determined based on the threshold. As mentioned before, the connecting edge between each pair of electrodes depends on the connection strength between the corresponding nodes. If the strength surpasses T, the corresponding nodes were linked up; otherwise, the corresponding nodes were not linked up. Figure 4 shows the brain networks of intercity bus drivers in different periods of the driving process. It can be seen from Figure 4 that the brain network nodes were sparsely connected at 0~0.5h of the driving process. In this period, the brain regions of the drivers were weakly synchronized, that is, the nerves in each region performed their own activities. With the increase in the driving time, the brain network of the drivers grew denser and denser. In this period, the neuronal activities in the brain regions were suppressed to varied degrees after a long-time driving and became increasingly synchronized across the regions. As a result, the drivers suffered from mental fatigue and decreased reliability of driving behavior.
Feature Analysis of Brain Network Reliability Feature analysis considering brain network parameters
In light of cognitive features, the driving behavior reliability of intercity bus drivers was explored considering the brain network parameters of clustering coefficient and global efficiency. The clustering coefficient Ci was defined as the ratio between the number of edges connecting a node in the network G with the "peripheral nodes" and the maximum probable number of edges between these "peripheral nodes". As mentioned before, this coefficient demonstrates the tightness of connections between neuronal clusters in each functional region, and the functional differentiation of the cerebral cortex neural network. The global efficiency Eglob_i illustrates the economy of energy consumption when the human brain executes contagion tasks. The two parameters were calculated as follows:
Figure 5 presents the variation in the two brain network parameters and throughout the driving process.
As shown in Figure 5 , the clustering coefficient of the drivers' brain network model gradually increased with the continuous extension of driving time. This means the connection between electrodes in the brain network grew in strength, and the neuronal activities in the corresponding brain regions became more synchronized with those in other regions. With the increase in driving time, the global efficiency of the drivers' brain network model exhibited an increasing trend, revealing the decrease in the number of intermediate nodes. In other words, the indirect connections between specific pair of nodes were gradually replaced by direct connections, and the path between the nodes turned shorter. To sum up, the drivers' brain network was densified after long-time, continuous driving, pushing up the network parameters like clustering coefficient and global efficiency. In this case, the drivers became more and more fatigued, and the neuronal activities in the brain regions were suppressed to varied degrees after a long-time driving and became increasingly synchronized across the regions. The EEG spectral analysis can vividly reflect the energy variation of EEG signals with different rhythms. The results are intuitive and easy to understand (Beeli et al., 2008) . The relative power spectrum of EEG rhythm is expressed as the ratio of the power spectrum of EEG signals with a rhythm to the total power spectrum. The ratio can be calculated by the equation below:
Where Pi is the relative power spectrum of i wave (i=δ, θ, α, β,) ; Eα, Eβ, Eθ and Eδ are the energy of α, β, θ and δ, respectively. Figure 6 displays the variation in relative power spectrum of θ and β waves in EEG signals of intercity bus drivers throughout the experiment. Next, the slow-fast wave energy ratio F was defined as the indicator of driving fatigue. The ratio can be calculated by the following equation:
Where Eα, Eβ, Eθ and Eδ are the energy of α, β, θ and δ, respectively Figure 7 depicts the variation in fatigue indicator F corresponding to FC5, FC6, F3, F4, O1 and O2 channels of intercity bus drivers throughout the experiment. FC5, FC6, F3, F4, O1 and O2 channels As shown in Figure 6 , the relative power spectrum of θ wave gradually increased while that of β wave gradually declined with the increase in the driving time. Figure 7 discloses a gradual increasing trend of the fatigue indicator F corresponding to FC5, FC6, F3, F4, O1 and O2 channels. These phenomena reflect the deepening of driving fatigue of the drivers with the extension of the driving time. When the intercity bus was about to reach the destination at 3h, the relative power spectrum of θ wave slightly turned up, that of β wave dipped a little bit, and the fatigue indicator F moved slightly downward. This is because the drivers' brains were excited for a short while with the destination at hand.
Analysis of data discreteness
Through the analysis above, it is learned that the variation in driving behavior reliability of the drivers during the experiment can be obtained by the feature analysis of brain network parameters and EEG power spectrum. On this basis, this section probes into the reliability issue from the angle of data discreteness. As its name suggests, data discreteness shows the average degree of dispersion of the data. It is usually expressed as the variation coefficient C·V:
where C·V is the variation coefficient; S is the standard deviation; ̅ is the average value. Then, the variation coefficients of the driving behavior reliability parameters were calculated for intercity bus drivers (Figure 8 ). The parameters include the clustering coefficient of brain network, the global efficiency of brain network, and the fatigue indicator of EEG power spectrum features. It can be seen from Figure 8 that the clustering coefficient and the global efficiency, two brain network parameters of the drivers, had smaller variation coefficients (C·V<0.08) than the fatigue indicator of EEG power spectrum features. This means the data of brain network parameters are relatively concentrated and accurate. Therefore, focusing on the coordination between neuronal activities across brain regions, the analysis of brain network parameters is a precise and feasible method for discussing driving behavior reliability of intercity drivers.
Conclusions
In this paper, the drivers' EEG signals were collected with Emotiv, a portable device, and used for an experiment in actual driving environment. Through the analysis on the synchronization of 14-channel EGG signals, the author identified a proper threshold, and determined whether the brain network nodes are connected or not. On this basis, a brain network model was created for the drivers. The driving behavior reliability of the drivers was discussed in detailed considering brain network parameters (clustering coefficient and global efficiency) and the power spectrum features of EEG signals. The main conclusions are as follows:
(1) The drivers' brain network was densified after long-time, continuous driving, pushing up the network parameters like clustering coefficient and global efficiency. In this case, the drivers became more and more fatigued, and the neuronal activities became increasingly synchronized across the brain regions.
(2) With the increase in the driving time, the relative power spectrum of θ wave gradually increased while that of β wave gradually declined, and the fatigue indicator F exhibited a gradual increasing trend. (3) When the intercity bus was about to reach the destination at 3h, the relative power spectrum of θ wave slightly turned up, that of β wave dipped a little bit, and the fatigue indicator F moved slightly downward. This is because the drivers' brains were excited for a short while with the destination at hand. (4) The clustering coefficient and the global efficiency, two brain network parameters of the drivers, had smaller variation coefficients (C·V<0.08) than the fatigue indicator of EEG power spectrum features. This means the data of brain network parameters are relatively concentrated and accurate.
